This paper presents a new approach to constrain reservoir facies models to dynamic data. This approach is mainly based on the combination of an optimization method called the simplex method and parameterization techniques such as the gradual deformation method. This parameterization technique is well known for its efficiency in constraining geostatistical models to dynamic data. Originaly developped for continuous Gaussian models, the gradual deformation method was extended to facies models [12] and more recently to any kind of geostatistical model. However, the numerical behavior of the inversion can be strongly affected by discontinuities in the model changes in case of facies-based models. Our approach proposes a robust inversion method coupled with the gradual deformation method for the calibration of facies models.
Introduction
The quantification of uncertainties on production forecasts is a crucial goal for taking decision in a risk prone environment. Reservoir model characterization becomes one of the most important phase in a reservoir study. All available data should be integrated into the model to provide a more realistic description of the reservoir in order to reduce uncertainties and obtain reliable production forecasts.
Geostatistical simulation is currently widely used to give a realistic reservoir description. Although geostatistics is clearly well suited to model geological information, it leads to an uncertain framework since the geostatistical model properties make it possible to produce not one geological model but a set of equiprobable realizations of the geological model. Use of geostatistical models leads then clearly to an important problematic: the integration of available dynamic data while quantifying the uncertainty on production forecasts due to this geostatistical modeling.
The task of constraining reservoir facies models is a hard problem since it requires dealing with two main difficulties: -to find an accurate optimization method that minimizes the objective function which represents the mismatch beetween the dynamic data and the simulated values of the pressure or of the production, -to find an efficient parameterization method which allows
to have a precise description of the facies model while keeping the number of involved parameters as small as possible to ensure a reasonable cost for the matching phase.
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This work presents a new approach for constraining reservoir facies model to dynamic data while quantifying the uncertainty on production forecasts. We suggest the use of the simplex method as an optimization technique since it is well suited to the particular form of the objective function, and the use of the gradual deformation method to parameterize the reservoir facies models. The quantification of uncertainty on production forecasts is performed using experimental design theory.
More precisely, we illustrate our approach with a field case, where we decide to test a water injection scheme. In an integrated process which mixes gradual deformation, simplex method, experimental design and the joint modeling method, we show that the integration of interference test data on reservoir facies models is crucial since it allows an important dicrease of the uncertainties on the expected recovery factor.
Constraining Reservoir Facies Models
The objective here is to constrain a reservoir facies model to dynamic data. This consists in finding the model which best fits the dynamic data.
To find this model, a classical procedure consists in building and then minimizing an objective function which quantifies the mismatch between the simulated results and the dynamic data. Thus, the reservoir facies model is updated until finding the one that satisfies the data. This update needs to be able to describe the reservoir facies model with a few set of parameters: it is the goal of the parameterization phase.
Before presenting the parameterization we used: the gradual deformation method, we explain the main principle of a reservoir facies model simulation.
Reservoir Facies Model Simulation. The simulation of a reservoir facies model relies on the simulation of a gaussian white noise. Thus, this white noise is transformed in categories or facies according to a given variogram, a number of facies, facies volume fractions, correlation lengths to obtain a reservoir facies model. Facies models can be obtained using either truncated Gaussian simulations [13] or sequential indicator simulation [14] . In both cases, the gradual deformation method must be performed on the Gaussian white noise, before the transformation. As an example, we illustrate on figure 1 the principle of the truncated Gaussian simulation.
The parameterization:The Gradual Deformation Method. The basic principle of the gradual deformation [4] [9] [10] method is to generate a process of realizations which evolve smoothly at each step. This can be achieved by introducing a correlation between a new realization and the realization obtained at the previous step.
To apply this principle to continuous geostatistical models, the gradual deformation method propose to generate new realizations as linear combinations of any number of independent initial realizations. Then, if we note {Z 1 , …, Z n } a set of n independent realizations of a Gaussian random field, a new realization can be expressed as follows: , ,
This parameterization is well-suited for constraining continuous geostatistical models [4] . But it can not be applied directly to facies models, since the categories can not be combined in a consistent way.
To remove this difficulty, L.Y. Hu [12] suggest to apply the gradual deformation method not on the facies model, but on the related gaussian white noise which is involved in the simulation process (figure 1). In this way, we are able to control the facies realizations through a reduced number of
, while preserving the consistency of the resulting reservoir facies models.
The optimization
Process. An objective function can be defined to assess the match of the dynamic data. We use a least squares formulation which quantifies the errors between the simulation results and the observed data: which minimizes the objective function, that is to find a reservoir facies model which honors the dynamic data.
The transformation in categories phase in the facies model simulation (figure 3) leads to a non differentiability of the objective function. This specific behavior, due to facies models, forbid the use of classical non-linear optimization algorithm, like Gauss-Newton or Steepest Descent, since they require gradient computation which is not possible in our framework. To bypass this problem, we suggest the use of an optimization algorithm which is based on direct evaluation of the objective function only, without gradient computation. To keep in mind one of our goal: the quantification of uncertainties, we have decided to use an optimization approach which relies on experimental designs: the simplex method.
The Simplex Method
The simplex method is an optimization approach that is due in its first form (1962) to Spendley, Hext and Himsworth [1] . The convenience of this approach encourages some modifications which lead to several derived simplex methods like the one we will focus on, suggested by Nelder and Mead in 1965 [2] . Simplex methods are particularly suitable for experimental processes, which are either truly performed as for chemical processes [3] , or simulated as for history matching, since their main principle consists in building an experimental designs network.
Principle. The simplex method is a direct search 'climbing' method that is fully convenient for identifying an optimal point in an n-dimensional search domain, even if n and the ranges of parameter variation are large. We present now this approach for a minimization study.
To perform a simplex minimization, we need first to define an initial trial point (6) where c is the centroïd of the n remaining points: 
, then the contraction should be located on
, where
). The objective function is evaluated at C x to find C F . If C F is lower than both R F and
x , otherwise a new iteration stage should be performed from the second worst point n x .
The graphical representation of a simplex network in two dimensions is shown in figure 2 . The reflection coefficient, expansion coefficient and contraction coefficient used are 1, 2 and 0.5 respectively.
Main features.
The simplex method is an easy-to-use tool to optimize complex functions, even if these functions are nondifferentiable or worse non-continuous. This feature of the simplex method is one of the most interesting, because it allows to perform a simplex minimization in case where classical optimization methods (steepest descent, Newton's method,…) are put in the wrong.
Quantifying Uncertainty on Production Forecasts
Even when considering the continuous improvement of reservoir characterization methods, a lot of uncertainties still remains when engineers want to evaluate production forecasts. In order to quantify the impact of these uncertainties, it is crucial to see production forecasting from a probabilistic point of view. In this way, the reservoir engineer can easily quantify the impact of each parameter uncertainty on production forecast and take decision in a risk prone environment.
One of the goal of uncertainty quantification is to obtain a quick diagnostic on the effect of each uncertain parameter. Thus, the uncertainty on some parameters can be neglected, since it does not affect an uncertain production forecast, while a particular attention should be paid to other uncertain parameters since it induce a variation on production forecast.
In uncertainty quantification, the kind of uncertain parameters could lead to several distinct treatments. That is why we describe quickly the main kind of parameters involved in a reservoir study.
Uncertain Parameter Description. The first step of an uncertainty quantification (or a risk analysis) consists in listing the possible uncertain parameters whitout any a priori, and then fixing a range of uncertainty for each listed parameter.
In most of reservoir studies, one can distinguish three kinds of uncertain parameters: -"Physical parameters" which are an integral part of the reservoir, but remain uncertain because of the bad knownledge of the field. Typically, they can be permeabilities, porosities, saturations, facies volume fractions, correlation lengths, … These "Physical parameters" are uncontrolled by engineers, but they have no random effect on production (production is directly correlated with parameter variations). -"Production parameters" which are involved in the production scheme devlopment. Typically, they can be the perforated length of wells, the flowrates, the well locations, … These "Production parameters" have no random effect on production too, but we should distinguish them form "Physical parameters" since they are controlled by engineers and would thus be optimized to better fit a high production goal. -"Stochastic parameters" which group together all uncertainties which have a random effect (non smooth) on production. Typically, they can be several geostatistical models with the same properties (only the seed differs), several possible structural maps, several possible fracture networks … This kind of uncertainty will affect the production non-continuously, which require a specific approach to quantify the related uncertainty. These three kinds of uncertainty can be handle using experimental design theory, but a specific method shall be applied for quantifying "Stochastic Parameters" uncertainty: the Joint Modeling Method [5] [7] [11] .
In the field case study that we present, we consider uncertainties on "physical parameters", such as waterflood residual oil saturation, relative permeability Corey coefficients, …, but also on "stochastic parameters" since we will quantify the impact of the facies spatial distribution uncertainty on a production response (the cumulative oil). In this field case, we show that the integration of an interference test data in a matching phase allowed to reduce the uncertainty on the expected cumulative oil.
Experimental Design. This theory [8] allows to study and quantify the impact of uncertain parameters on a given process.
Let us consider a production response of interest, (typically, the cumulative oil production, the recovery factor, the gas-oil ratio), denoted by y, and some uncertain reservoir parameters which can be "Physical parameters" or "Production parameters", denoted by x 1 , x 2 , …, x n .
The experimental design theory provides the right set of reservoir simulations to perform to understand the behavior of y as a function of the uncertain parameters x 1 , x 2 , …, x n .
Especially, it allows to: -identify the parameters that are actually influent on the production response y. This step is crucial since it allows to eliminate parameters that have a negligeable impact on the response and to focus on the influent ones. -build a regression model which links the production response y to the influent uncertain parameters. The regression model can be seen as an accurate approximation of the production response behavior, and in this way, it quantifies safely the effect of all the uncertainties on the production response. Usually, a polynomial model is sufficient to catch the production response behavior as a function of the uncertain parameters: This simple analytical model will bypass the reservoir flow simulator (for the uncertainty quantification) to provide fast evaluation of production forecasts in an uncertain environment. One of the most obvious use of the regression model is clearly the intensive computation, for Monte-Carlo sampling for instance. On the other hand, if the uncertain parameters are "Production parameters", a simple optimization of the regression model will provide the optimal production condition (well locations, flowrates …) to increase the final recovery.
The Joint Modeling Method. The Joint Modeling Method [7] [11] allows to quantify the impact of both "deterministic" parameters (Production and Physical parameters) and "stochastic" ones. This approach is mainly based on experimental design theory, since it requires to run a set of reservoir simulations to catch the behavior of y as a function of the "deterministic" parameters x 1 , x 2 , …, x n , but it allows to characterize the effect of having several possible facies models to describe the reservoir.
In such a case, the production response will be affected by: -the variation of the deterministic parameters (even if we consider only one possible facies model), -the facies model changes (even if the deterministic parameters are fixed).
To catch this dual variation of the production response, the Joint Modeling method suggests to model the production response with two regression models (coming from experimental design): -A mean model which allows to describe the production response as a function of the deterministic parameters, -A dispersion model which allows to describe the dispersion of the production response due to considering several possible facies models. These two regression models are linked using specific statistical models (generalized linear models). Then an interaction effect (cumulative effect of both stochastic uncertainty and uncertainty on deterministic parameter ) on the CONSTRAINING RESERVOIR FACIES MODELS TO DYNAMIC DATA -IMPACT OF SPATIAL SPE 71335 DISTRIBUTION UNCERTAINTY ON PRODUCTION FORECASTS 5 production behavior can be quantified. To illustrate the principle of this methodology, the figure 4 represents the two resulting models for 2 uncertain parameters. The blue surface located in the middle represents the mean behavior of the production as a function of the 2 uncertain parameters, and the 2 orange boundary surfaces represent the dispersion due to geostatistical modeling. This innovative approach is essential in quantifying uncertainty on production forecasts since the effect of geostatistics is often at least as important as the effect of classical other reservoir parameters.
Field Case Study
In this case study, the objective was to highligth the necessity to quantify and reduce uncertainties on production forecast in a field development before decision making.
A synthetic case was used to validate the methodology, and to prove that constraining possible geostatistical models to dynamic data is crucial to dicrease uncertainties on production forecasts. One of the two facies is assumed to be of good reservoir quality, and the other of poorer quality. The permeability and porosity for each facies are homogeneous.
The value of the permeability k1 of the good facies F1 is uncertain, and we assume that it could belong to the following range [800 mD ; 1600 mD]. The porosity of this facies is 0.2. The permeability of the poor facies is 50 mD and its porosity is 0.05. The oil-water relative permeability was modeled using analytical curves which are fully characterized by end points and Corey coefficients. The sector production is accomplished through 16 water injector wells and 9 oil production wells regularly located, as shown on figure 5.
Problematic. The objective of this study was to present a methodology to quantify the impact of uncertainty on production forecasts, and especially to quantify uncertainty due to the geostatistical modeling.
The problematic was to test a water-injection process on the sector, to evaluate the efficiency of the recovery process. Moreover, we have focused on the quantification of the integration of interference test data to reduce the uncertainty on production forecasts.
One of the main difficulty of this feasibility study is the management of uncertainties on reservoir parameters. Then, the goal of this study is to precisely define the production forecasts in a water-injection scenario while taking into account the fact that the values of several parameters are not well known. One of the most important question in this study is then: does the uncertainty on parameters affect the production forecasts, and if this is the case, in which range could we expect the production to vary ? Indeed, it is as important to predict the expected value of the recovery process, as the risk which remains around this prediction, and which is due to the uncertainties on parameters.
In a first step, we have decided to test the efficiency of the water-injection process on a pilot area which is located at the center of the field. We will then assume that the behavior of this pilot is fully representative of the total field behavior. To do so, we have proceeded to a risk analysis study, which allows to quantify the impact of uncertainties on production forecasts for this pilot.
Uncertainty on Production Forecasts. The pilot area comprises a producing well P5 surrounded by four injection wells I6, I7, I10 and I11. The objective is to study the behavior of the Cumulative Oil production for P5 at 2 years, 3 years, 4 years and 5 years.
Several uncertainties on the reservoir knownledge should affect the expected recovery on the pilot: -the geostatistical modeling since several equiprobable realizations could lead to variable production forecasts, -the petrophysical properties. Indeed, the description of some petrophysical properties is uncertain: -the permeability k1 of the good facies F1 could belong to To quantify the effect of these uncertainties on the behavior of the cumulative oil production, a risk analysis has been performed using experimental design theory and the Joint Modeling method.
The involved experimental design was a Central Composite Design for 5 parameters (k1, Sorw, Krwmax, CorW, CorO) which is composed of 27 distinct combinations of (k1, Sorw, Krwmax, CorW, CorO) values in their range of variation. To catch the uncertainty due to the geostatistical modeling, we have decided to run each of the 27 combinations for five distinct realizations of the geostatistical facies model. Thus, the resulting simulated values of the production for the pilot were representative of the effect of the uncertainties on petrophysics and also on geostatistics. These simulated production results were then used in a Joint Modeling process to reach an efficient modeling of the cumulative oil production which integrates both the potential uncertainty on the petrophysical parameters and on the geostatistical modeling.
This procedure was performed for 4 times: at 2 years, 3 years, 4 years and 5 years. As an illustration, the equations (9) and (10) shows the joint models for the cumulative oil production at 3 years. 
The first model allows to compute at a negligible cost the mean value of the expected cumulative oil production at 3 years for any values of (k1, Sorw, Krwmax, CorW, CorO) in their range of variation. Thus, using this model, one could perform Monte-Carlo sampling to obtain cheeply a probabilistic distribution of the cumulative oil production with respect to the deterministic parameter variations. On the figures 6, 7, 8 and 9, are represented these distribution as dotted red curves for the four years.
But the innovative concept concerns the second model, which allows to catch the cumulative oil dispersion due to the fact of dealing not only with a unique geostatistical model, but with several equiprobable ones. This model allows to compute easily the expected dispersion of the cumulative oil production (around its mean value) due to the geostatistical modeling. Thus, a Monte-Carlo sampling which involves both models will provide cheeply a probabilistic distribution of the cumulative oil production which takes into account both the effect of "classical" uncertain parameters (in this case petrophysics) and the geostatistical spatial distribution of the facies. The figures 6, 7, 8 and 9 show the resulting probabilistic distribution of the cumulative oil production for the four years on the pilot. The blue solid curves represent the probable cumulative oil production obtained with the Joint Modeling method, that is while taking into account all kinds of uncertainties (classical and geostatistical ones).
The figures show clearly that the quantification of the uncertainty on the geostatistical modeling can not be neglected since this uncertainty increases highly the range of variation of the cumulative oil production. For instance at 3 years, the cumulative oil production is expected to vary beetween: -[0.21 ; 0.27] million m 3 in neglecting the geostatistical context, -[0.18 ; 0.32] million m 3 in taking into account the geostatistical modeling.
It is obvious that taking a decision while neglecting geostatistical effects remains really risked and could re-open the question of the rentability of the project.
The figure 10 shows the variation intervals for the cumulative oil all over the 5 years of simulated production. The production forecasts are quite good, since at 3 years the expected cumulative oil is about 0.25 million m 3 , which in comparison with the initial oil in place represents about 38 % of recovery.
As a conclusion to this first part of the study, it appears that a water-injection process leads to a satisfactory recovery coefficient, but an important risk remains, due to the uncertainty on both the petrophysical parameters and the geostatisical modeling. Indeed, for a recovery factor of 38% at 3 years, the uncertainty represents about 8%. This conclusion has motivated us to study the benefit of including dynamic data in order to reduce the uncertainties. A specific focus on the geostatistical model characterization was performed. Indeed, we planned to integrate interference test data to better characterize the spatial distribution of the facies model, and thus to reduce the variability due to the geostatistical modeling.
Interference Test Matching. The main objective of this phase of the study was to quantify the reduction of the geostatistical uncertainty obtained by constraining the model to dynamic data and the impact on the production. An interference test was performed on the pilot. The history of P5 comprises a period of constant production rate at 300 m 3 /day during 2 days, and a period of pressure buildup (zero rate) during 8 days. The four injection wells I6, I7, I10 and I11 were considered as observation wells. For numerical fluid flow simulations, the regular gridding was gradually refined locally until regular cells of 1 m were obtained around the producing well P5.
Synthetic interference test data were defined by a numerical flow simulation run based on the geostatistical reference model shown on figure 11 . The resulting well test data comprise the downhole pressure evolution at the four observation wells, and the downhole pressure evolution and its derivative at the producing well P5.
Matching parameters. The permeability k1 of the good facies F1 (which was assumed to be in [800 mD ; 1600 mD] until now) is one of the parameters involved in the matching process. Indeed, the interference test allows to reduce the uncertainty on this parameter. As an initial guess for this permeability we chose its lowest value: 800 mD.
The other parameters involved in the matching process are gradual deformation parameters, since our goal in performing an interference test is to better characterize the spatial distribution of the facies. Thus, we randomly pick 10 gaussian white noises to start the matching process, that is, according to equation 3, 9 gradual deformation parameters θ i , i=1,…,9.
Matching process. The matching process is performed using the simplex method and the gradual deformation method, as shown on figure 3 . The simplex method is in this study particularly efficient (in comparison with gradient based optimization techniques) since, the objective function is nondifferentiable due to the truncation phase in the generation of the facies model. Thus, the simplex method, which does not require any gradient computation is in this context clearly well-suited.
To start the matching step, an initial geostatistical model was generated ( figure 12 ). The optimization process (figure 3) was performed until finding a satisfactory match. On figures 13, 14, 15, 16 and 17, we present the result of the match for the 5 wells after 247 single phase flow simulations. The figure  18 presents the resulting optimal facies model.
To deal with the geostatistical context, we did not neglect the fact that several geostatistical realizations can honor the dynamic data. Thus, we decided to perform 4 other matching process starting at each new process with a new initial guess. At the end of this phase, we obtained 5 geostatistical facies model, and 5 values of the permeability k1 (one for each constrained model), which all allow to match the interference test data.
The next step of this study was then to quantify the impact of this matching phase on production forecasts. In other words: has the matching of the interference test data allowed to reduce the uncertainty on production forecasts ?
Reducing Uncertainties. In order to quantify the reduction of uncertainty on production forecasts, the most natural way was to perform again the risk analysis, which comprises experimental design, Joint Modeling and Monte-Carlo sampling, using the 5 geostatistical constrained facies models, and the 5 corresponding values of the permeability k1, which were provided by the matching step.
Thus, we built an experimental design for 4 parameters: -the Sorw which still varies in [0.15 ; 0.25] -Krwmax which still varies in [0.4 ; 0.7] -CorW which still varies in [1 ; 3] , -CorO which still varies in [3 ; 5] . The uncertainty on the permeability k1 is no more involved through the experimental design, since it is handled by the fact of taking the 5 values of k1 provided by the matching step.
The resulting experimental design for these 4 parameters was a Central Composite Design which delivers 25 combinations of (Sorw, Krwmax, CorW, CorO). Each combination was run for the five distinct realizations provided by the matching step.
As in the first step of the study, a Joint Modeling was performed at 2, 3, 4 and 5 years of production and as an illustration the equations 11 and 12 present the resulting models for the cumulative oil production after the matching phase at 3 years: (12) Using these two models, we can rebuild the probabilistic distribution of the cumulative oil production at 2 years (figure 19), at 3years (figure 20), at 4 years (figure 21), at 5 years (figure 22), while taking into account the effect of the 5 geostatistical constrained models and the petrophysical uncertain parameters (blue solid curves), or while taking into account only the uncertainty on petrophysics and not on geostatistics (red dotted curves).
The important result shown on the figures is that the red dotted curves and the blue curves are now very close. In other words, the matching phase allowed to remove the uncertainty due to the geostatistical modeling.
In terms of ranges of variation of the cumulative oil production, the figure 23 shows that the matching phase has allowed to reduce significantly the uncertainty. The production forecasts are quite good, since at 3 years the expected cumulative oil is about 0.23 million m 3 , which in comparison with the initial oil in place represents about 31 % of recovery. Note that the dicrease of the recovery factor is mainly due to the fact that for the constrained facies models the initial oil in place in the trap is higher (and actually closer to the reference model initial oil in place). In terms of uncertainty, the range of variation of the cumulative oil production in comparison with the initial oil in place represents about 2.7% against 8% without history matching.
Conclusions
The methodology presented in this paper relies on: -an optimization process to constrain the geostatistical facies models to dynamic data. This method involves both the simplex method, which is powerfull for constraining facies models and the gradual deformation method which allows to describe a complex geostatistical model with a small number of parameters, -an innovative risk analysis approach, the Joint Modeling method, which allows to quantify the impact of the classical uncertain parameters (petrophysics, production parameters …), and above all the impact of the geostatistical context. I1  I2  I3  I4   I5  I6  I7  I8   I9  I10  I11  I12   I16  I13  I14  I15   P1  P2  P3   P6  P5  P4   P7  P8  P9 1815 m 
